In 2008, the US Food and Drug Administration (FDA) issued a Guidance for Industry statement formally recognizing (during drug development) the conjoined nature of type 2 diabetes (T2D) and cardiovascular disease (CVD), which has precipitated an urgent need for panels of markers (and means of analysis) that are able to differentiate subtypes of CVD in the context of T2D. Here, we explore the possibility of creating such panels using the working hypothesis that proteins, in addition to carrying time-cumulative marks of hyperglycemia (e.g., protein glycation in the form of Hb A 1c ), may carry analogous information with regard to systemic oxidative stress and aberrant enzymatic signaling related to underlying pathobiologies involved in T2D and/or CVD.
RESULTS:
Protein oxidation and truncation (owing to modified enzymatic activity) are able to distinguish between subsets of diabetic patients with or without a history of myocardial infarction and/or congestive heart failure where markers of glycation alone cannot.
CONCLUSION:
Markers based on protein modifications aligned with the known pathobiologies of T2D represent a reservoir of potential cardiovascular markers that are needed to develop the next generation of antidiabetes medications.
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The clinical definition of type 2 diabetes (T2D) 5 hinges on blood glucose control. Traditionally, T2D has been indicated by measuring the absolute concentration of blood glucose (1 ) , and more recently by measuring the relative abundance of glycohemoglobin (Hb A 1c ) (2 ) . Although measurement of increased blood glucose by either of these markers is the definition of T2D, most T2D-related deaths are attributed to coronary artery disease (3 ) . Consequently, a large portion of T2D research over the past 2 decades has centered on the connection between poor glucose control and negative cardiovascular outcomes, with particular attention focused on the relationship between patient levels of Hb A 1c and cardiovascular disease (CVD). Although epidemiological connections remain under debate (1, 4 -6 ) , recent large randomized trials [Action to Control Cardiovascular Disease in Diabetes (ACCORD), Action in Diabetes and Vascular Disease: Preterax and Diamicron MR Controlled Evaluation (ADVANCE), and VA Diabetes Trial (VADT)] have failed to translate tight control of Hb A 1c into cardiovascular benefit (7) (8) (9) . Strikingly, the risk of myocardial infarction has been reported to increase in association with certain classes of antidiabetic therapies (10 ) .
In response, the US Food and Drug Administration (FDA) issued a Guidance for Industry suggesting that developers of new antidiabetes drugs demonstrate that therapies will not result in an unacceptable increase in cardiovascular risk (11 ) . Thus, the therapeutic definition of diabetes is beginning to extend beyond that of increased blood glucose and further into downstream comorbidities. This expanded definition creates serious challenges in the drug development industry by requiring the concurrent monitoring of markers for both CVD (risk and/or outcome) and T2D (Hb A 1c as an efficacy marker of lowered blood glucose) during drug trials. In effect, these events have broadened the working definition of T2D, with immediate impact in the therapeutic industry and, in all likelihood, throughout the clinical community over the longer term. Consequently, there is an urgent need for panels of markers used in the synergistic monitoring of T2D and related cardiovascular complications.
Here, we report on biomarker development studies undertaken to characterize protein microheterogeneity and evaluate its use in creating multidimensional biomarker views related to the pathobiologies of T2D and CVD comorbidities. We used standardized mass spectrometric immunoassays (MSIAs) to characterize and quantify microheterogeneity in 7 nonoverlapping patient subgroups totaling 212 individuals, including healthy plasma (HP; n ϭ 37) and healthy serum (HS; n ϭ 29), plus plasma from patients with diagnosed type 2 diabetes (T2D; n ϭ 50), diabetes with history of congestive heart failure (CHF) and previous myocardial infarction (MI) (T2D/MI/CHF; n ϭ 17), wellcontrolled diabetes with a history of congestive heart failure (T2D/CHF; n ϭ 25), nondiabetes with a history of congestive heart failure and previous myocardial infarction (MI/CHF; n ϭ 25), and nondiabetes with congestive heart failure and no previous myocardial infarction (CHF; n ϭ 29). We selected proteins for investigation based on (a) well-established clinical roles in relation to diabetes and/or cardiovascular disease and/or (b) prior population proteomics studies where microheterogeneity was evident in disease populations (12) (13) (14) (15) (16) (17) (18) (19) (20) . They included albumin, apolipoprotein A-I (apoAI), apoCI, apoCII, vitamin D binding protein (VDBP), transthyretin (TTR), ␤2-microglobulin (B2M), cystatin C (CysC), serum amyloid P (SAP), C-reactive protein (CRP), and the chemokine RANTES. Microheterogeneity (i.e., posttranslational modifications or point mutations) evident in each protein was recorded in terms of frequency and relative abundance, as described (16, 20 ) . In total, we performed Ͼ2300 assays, during which 41 different molecular species (12, 13, 16 -23 ) were recorded for each of the 212 individuals, producing a total of Ͼ8600 data points that were subjected to both unsupervised and biologically supervised modeling to produce multidimensional biomarker views of T2D and CVD.
Materials and Methods

MATERIALS
We obtained polyclonal rabbit antihuman antibodies against VDBP, albumin, TTR, CysC, B2M, and SAP from Dako. According to the manufacturer's specifications, many of these antibodies are for in vitro diagnostic use and are intended for determining the respective protein in gel immunoprecipitation and other techniques. We obtained goat anti-CRP antibody from Immunology Consultants Laboratory and purchased antihuman apolipoprotein antibodies from Academy Biomedical. Premixed 2-(N-morpholino) ethanesulfonic acid (MES)-buffered saline powder packets were from Pierce, and monoclonal antibody against human RANTES from R&D Systems. We isolated specific proteins from plasma/serum using carboxyl-functionalized MSIA pipette tips from Intrinsic Bioprobes derivatized with antibodies via 1,1Ј-carbonyldiimidazole (CDI) chemistry as described in the Data Supplement, which accompanies the online version of this article at http://www.clinchem.org/ content/vol57/issue5. We obtained protein Captrap cartridges for LC-MS from Michrom Bioresources and purchased premade 10 mmol/L HEPES-buffered saline (HBS) from Biacore. We acquired MALDI-TOF mass spectral calibrants from Bruker Daltonics and all other chemicals from Sigma-Aldrich.
SAMPLES
We obtained blood samples (Ͼ2 mL in EDTA plasma or serum collection tubes) from volunteers under institutional review board protocols after informed consent. Samples were processed immediately by use of standard plasma or serum preparation protocols, then promptly placed in a freezer at Ϫ80°C, where they were kept until aliquoting and analysis. Samples were analyzed within 6 months of acquisition. We investigated plasma samples from controls and 5 disease subgroups, including healthy individuals [healthy plasma (HP); n ϭ 37] and patients with type 2 diabetes (T2D; n ϭ 50), well-controlled diabetes with a history of congestive heart failure (T2D/CHF; n ϭ 25), diabetes with a history of congestive heart failure and previous myocardial infarction (T2D/MI/CHF; n ϭ 17), nondiabetes with a history of congestive heart failure and previous myocardial infarction (MI/CHF; n ϭ 25), and nondiabetes with congestive heart failure and no previous myocardial infarction (CHF; n ϭ 29). We also included a subgroup of serum samples from healthy individuals to investigate potential differences between sample presentations [healthy serum (HS); n ϭ 29]. Cohorts were of roughly equal distributions of African American, white, and Hispanic donors at proportions typically observed in the US. Disease cohorts were sexand age-matched with healthy controls. Additional patient information is available in the online Data Supplement.
SAMPLE PREPARATION FOR THE ANALYSIS OF INTACT PROTEINS BY MSIA
In preparation for MSIA (for all proteins other than RANTES), we mixed 25-100 L sample 1:1 to 1:4 with HBS (with or without 0.05% Tween 20) and/or MES-buffered saline. Detailed methods for the analysis of individual proteins have been described in detail (12, 13, 16 -24 ) . In preparation for RANTES, we mixed 230 L sample with 115 L of a detergent solution containing 4.5% Tween 20, 150 mmol/L octyl-␤-glucopyranoside, 1.5 mol/L ammonium acetate, and concentrated PBS (0.67 mol/L sodium phosphate, 1 mol/L sodium chloride), for a total analytical volume of 345 L, as described in detail (20 ) . Antibody-linked tips were stored in HBS at 4°C until the day of use, at which time they were loaded onto a 96-well pipetting robot and prerinsed (400 L/well; 150 L aspirate and dispense cycles; 10 cycles) with HBS and then used to extract specific proteins from individual samples at room temperature (85 L aspirate and dispense cycles; 250 cycles). After extraction, tips were washed (by drawing from a fresh reservoir of liquid and dispensing to waste) as follows. 
MALDI-TOF MS
We performed MALDI-TOF mass spectrometry for TTR, CysC, B2M, SAP, apoCI, apoCII, and RANTES using a Bruker Autoflex III or Ultraflex III operating in positive-ion, delayed-extraction linear mode. Instrument settings for each analyte are provided as a table in the online Data Supplement. We used a laser (Nd: YAG) repetition rate of 100 -200 Hz to sum 20 000 laser shots (into an individual spectrum) for each sample, resulting in typical mass resolutions [full width at half maximum (FWHM)] Ն1000 and signal-to-noise ratios (S/N) Ͼ3 for low-level signals [i.e., relative ion signals (integral) of 1% or less of total ion signal]. Spectra were mass calibrated externally (from calibration spots placed on each sample target) with a mixture of ubiquitin (calculated MH For semiquantitative data, we processed spectra by baseline subtraction followed by signal integration (Zebra, Beavis Informatics) of each signal corresponding to the protein of interest. For each sample, we measured and recorded the relative abundances of the variants by normalizing the integral of each variant to the summed integrals of all observed forms of the protein.
ESI-TOF MS
We performed ESI-TOF MS for albumin, VDBP, CRP, and apoAI using a column-free trap-and-elute approach (rather than traditional liquid chromatography gradient methods). ESI rather than MALDI was used for these larger proteins because of its ability to achieve greater resolving power than MALDI at masses Ͼ25 kDa. Eluent (5 L) was injected by a Spark Holland Endurance autosampler in microliter pickup mode and loaded by an Eksigent nanoLC*1D at 10 L/min [90/10 water/acetonitrile containing 0.1% formic acid (solvent A)] onto a protein Captrap (polymeric/reversed phase sorbent, Michrom Bioresources) configured for unidirectional flow on a 6-port divert valve. After 2 min, the divert valve position was automatically toggled and flow over the cartridge changed to 1 L/min solvent A (running directly to the ESI inlet), which was ramped by use of acetonitrile (solvent B) over 8 min to 1/99 water/acetonitrile. By 10.2 min, the run was completed and the flow back to 100% solvent A. All proteins targets eluted between 5 and 7.5 min into a Bruker MicrOTOF-Q (quadrupole time-of-flight) mass spectrometer operating in positive-ion, TOF-only mode, acquiring spectra in the m/z range of 50 -3000. ESI settings for the Agilent G1385A capillary nebulizer ion source were as follows: end plate offset Ϫ500 V, capillary Ϫ4500 V, nebulizer nitrogen 2 bar, dry gas nitrogen 3.0 L/min at 225°C. Data were acquired in profile mode at a digitizer sampling rate of 2 GHz, with spectra rate control by summation at 1 Hz. Spectra were mass calibrated by use of a multipoint calibration curve generated from Agilent's proprietary ESI-MS tuning mix. For semiquantitative data, 1.5 min of recorded spectra were averaged across the chromatographic peak apex of protein elution. The ESI charge-state envelope was deconvoluted with Bruker DataAnalysis v3.4 software to a mass range of 1000 Da on either side of any identified peak. Deconvoluted ESI mass spectra were baseline subtracted, and all peaks were integrated. For each sample, we measured and recorded the relative abundances of the variants by normalizing the integral of each variant to the summed integrals of all observed forms of the protein.
DATA PREPARATION
Each assay analyzed Ͼ1 molecular species, resulting in a total of 41 values for each of the 212 individuals. Data for each molecular species were tabulated as relative abundance per individual. For all species, the lower limit of quantification was approximately 1% while maintaining standard errors of Ͻ10% [i.e., 1% (0.1%)], as illustrated elsewhere (16, 20 ) . The relative abundance data for each analyte were then meancentered and normalized by the SD of the entire population, so that each molecular species was treated (weighted) equally during subsequent analyses.
DATA ANALYSIS: UNSUPERVISED PRINCIPAL COMPONENT ANALYSIS
We applied principal component analysis (PCA) (25 ) to the entire data set of 41 variables observed in 212 individuals. The first 3 PC scores were extracted and used to create a 3-dimensional plot, after which color coding was superimposed on each point corresponding to the subgroups to which the point belonged: HP (dark green), HS (light green), T2D (red), T2D/MI/ CHF (dark blue), CHF/T2D (orange), MI/CHF (light blue), and CHF (yellow). To obtain ROC area under the curve (AUC) values between each group, a bestseparating plane was constructed in the 3D space by use of a linear kernel support vector machine classifier which places, orthogonal to this plane, a single line representing a new univariate scale that cuts across the 3-dimensional space (see online Supplemental Fig. 1 for a graphical representation of this process). Using this new 1-dimensional scale, ROC curves were constructed for every possible pair of cohorts and the area underneath them obtained in the traditional manner (Table 1) . For readers interested in further discussion of the significance of ROC curves, Zweig and Campbell (26 ) provide an excellent review on the use of ROC plots in the clinical laboratory. Matlab software was used to implement the support vector machine classifier.
DATA ANALYSIS: BIOLOGICALLY SUPERVISED PCA
Protein variants were grouped by identity to align with common themes of (a) protein glycation (glycemic control), (b) protein oxidation (oxidative stress), or (c) protein truncation (alterations in enzymatic and signaling pathways). Using PCA, each marker was evaluated in combination with the other markers within a common pathobiology to find the most efficient and significant combination of markers-i.e., the minimum number of markers that provided the greatest degree of separation between disease subgroups. In this manner, glycation markers under consideration were reduced to (glycated) albumin, B2M, CysC, VDBP, and CRP. Oxidation markers under consideration were sulfoxidized apoAI and apoC1. Truncation markers were found as N-terminal dipeptide truncations on RANTES and apoC1. We used PCA to condense multimarker data in each category into a single metric (PC1), resulting in 3 numerical descriptors (1 for each of the pathobiologies) for each sample, which were plotted in 3D with color coding as described above. We ascertained ROC AUCs between all possible pairwise combinations of subgroups as described above (Table 1) . 
Results
We evaluated summary data using unsupervised and supervised multidimensional approaches for usefulness in differentiating the different subclasses within the population. We applied variable normalized PCA to the entire data set (212 individuals ϫ 41 molecular species; see online Data Supplement) to reveal whether the collective data were able to differentiate the subgroups in an unsupervised (unbiased) mode, and if so, for use as a point of comparison for subsequent supervised approaches. Fig. 1A shows a 3D plot of the first 3 PC scores (with bisecting planes shown in Fig. 1, B-D) . Two clusters were observed for healthy samples, indicating that the approach is sensitive enough to differentiate between the sample presentation of serum (light green) and plasma (dark green). Individuals with T2D were also apparent as a separate cluster (red). The CHF (yellow) and CHF with T2D (orange) cohorts were clustered together with moderate visual separation between the 2 subgroups. Similarly, individuals with CHF and MI (light blue), and those with all 3 PC1 was found to be most influenced by oxidation of apolipoproteins (sulfoxide formation), and PC2 and PC3 were influenced most significantly by protein truncation. ROC AUCs between all possible pairwise cohort combinations are shown in Table 1 .
conditions (dark blue), were clustered in 1 group with moderate separation. On evaluation of the loading values contributing most significantly to the principal components, we found PC1 to be most influenced by oxidation of apolipoproteins (sulfoxide formation), and PC2 and PC3 were influenced most significantly by protein truncation. Interestingly, protein glycation was not in the top 5 loading values for any of PC1-3, despite the fact that one eighth of the variables in the data set stem from protein glycation.
ROC AUC values between the subgroups are reported in Table 1 . A significant ROC value was observed between healthy plasma and serum (0.99). In contrast, the ROC AUC values of the disease subgroups did not change significantly compared with either of the healthy sample presentations. These findings indicate that the molecular differences present in the disease subgroups were more pronounced than those found in the healthy controls (regardless of sample presentation). As a note of protocol, biomarker development should be undertaken with standardized (singular) sample presentation. Accordingly, all subgroups under investigation were presented in plasma, which comparatively yielded ROC AUC values of 0.98 -1.0 between healthy groups and any of the disease subgroups. ROC AUC values between the disease subgroups ranged from 0.77 to 1.0, indicating moderate to excellent separation of the nonhealthy subcohorts.
We subjected the data to a second modeling treatment based on the identity of the molecular variants. Differential glycation patterns, although not heavy contributors to cohort separation in the unsupervised PCA model, were observed consistently across the subgroups in albumin, VDBP, CRP, B2M, and CysC. Consistent with the unsupervised PCA model, differential oxidation was observed most prominently as methionine sulfoxidation of apoAI and apoCI. Also consistent was the observation of N-terminal truncations for RANTES and apoCI (Fig. 2) . We grouped these markers into categories of protein glycation, oxidation, and truncation and performed PCA separately on each category. We then created a 3D plot of glycation vs oxidation vs truncation by plotting the PC1 score for each category of protein modification along a separate axis (Fig. 3A) . All disease subgroups were observed to differentiate from healthy serum and/or plasma (light and dark green, respectively) along the truncation (z) axis. Separation of related disease subgroups then occurred primarily in planes. CHF without T2D (yellow) were separated from CHF with T2D (orange) primarily on the truncation-vs-glycation plane (Fig. 3B) . Individuals with CHF (yellow) were separated from their counterparts with MI (light blue) in the truncation-vsoxidation plane (Fig. 3C) . Differentiation of T2D-and MI-containing subgroups occurred primarily in the glycation-vs-oxidation plane (Fig. 3D) . The MIcontaining subgroups were observed at the extreme of oxidation defined by the stark-T2D subgroups (red), and were separated into 2 clusters on the glycation axis dependent on the presence or absence of T2D (dark and light blue, respectively). Treated in these 3 dimensions, ROC values of 0.97-1.0 were observed between the healthy (plasma) group and any disease subgroup, and 0.76 -1.0 between the disease subgroups (Table 1) .
Discussion
Based on the complex pathobiologies involved, it is reasonable to anticipate that neither a single marker, nor even multiple markers focused on a single biological pathway, will be able to adequately indicate developing CVD in the context of T2D. From a biomarker development point of view, this paradigm requires unifying multiple markers aligned with common and specific pathobiologies of metabolic syndrome (27 ) , diabetes (28 ) , and CVD (29 )-i.e., the upstream causes and downstream effects of T2D and CVD. Surveying multiple markers that align commonly with a particular theme amplifies the detection of a specific pathobiology, and with the progressive addition of multiple pathobiologies, builds additional axes relevant to diabetes/comorbidity detection and differentiation. Here, we evaluated multiple markers in this manner, foremost by using unsupervised data evaluation, which confirmed, in an unbiased mode, that determinant data was present within the microheterogeneity evident in the target proteins. Subsequent understanding of the chemical nature of this microheterogeneity led to rationally combining multiple markers to reflect and amplify pathophysiologies common to cardiometabolic disorders.
Specifically, increased proportions of glycation were observed in 5 proteins. Notably, this is the same posttranslational modification that is currently used to evaluate diabetes [i.e., glycohemoglobin B-chain (Hb A 1c )]. Thus, in the context of increased blood glucose, the additional glycated-protein markers make sense; albeit now with 5 blood-borne protein precursors instead of 1. Other than a monitor of glucose concentrations, glycation is a precursor to the formation of intracellular and plasmaborne advanced glycation endproducts (AGEs) that are found to accumulate in arterial and microvascular plaques (28 ) . Thus, the monitor of glycated-protein to AGE transitions focuses on molecular transformations involved in both diabetes and CVD.
Differential oxidation was observed most significantly in select apolipoproteins (e.g., apoAI and apoCI). Hyperglycemia-induced production of superoxide begins to explain this phenomenon (28 ) Spectra from healthy patients are shown in green, and spectra from diabetic patients are shown in red. Differences in protein glycation, oxidation, and truncation between the patient cohorts are apparent in the mass spectra. Proteins with a nominal molecular weight Ͼ20 kDa were analyzed by ESI-MS.
lipids that are known to oxidize apolipoproteins by direct oxidation at methionine groups (30 ) . Consequences of apolipoprotein oxidation range from reduction of cholesterol efflux, to foam cell formation (as a precursor to arterial plaques), to attenuation of antiinflammatory and antioxidant defensive properties of HDL (31, 32 ) . In these manners, analysis of oxidized HDL apolipoproteins serves as a monitor of both antagonistic and defense mechanisms contributing to CVD. The third axis reflects truncated variants of proteins that can serve as substrates for dipeptidyl peptidase IV (DPP-IV; EC 3.4.14.5), which, incidentally, is a target for new drug candidates (inhibitors) for T2D treatment (33 ) . Both RANTES and apoCI contain DPP-IV recognition motifs and exhibit truncations similar to those previously observed in other signaling peptides involved in T2D and CVD (34 -37 ) . In this manner, the ratio of truncated-to-intact variants of these 2 proteins serves simply as a surrogate monitor of abnormal DPP-IV activity in the disease subpopulations. In future studies, however, other correlationssuch as attenuated activity of truncated RANTES as a Table 1 .
chemokine and influences on ApoCI activation of lecithin cholesterol acyltransferase (38 -40 ) -may be considered.
These studies have produced multidimensional "views" based on microheterogeneity aligned with disease pathobiologies, which are able to accurately differentiate between small scouting cohorts of different subtypes of T2D/CVD. We consider these findings a promising starting point for expanded studies-i.e., addition of more markers reflective of other pathobiologies and application to large longitudinal cohortsaimed at verifying multimarker panels for use in monitoring across the T2D-CVD continuum. 
